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Introduction
The relationship between GDP per capita and levels of diversification in economic activity is expected to be positive. 1 Growth theories -for example, those of Helpman (1991, 1993) -emphasize the role of research and development (R&D) in generating a continuous increase in the range of goods an economy can produce and sell. Countries in the early stage of economic development are not directly involved in the process of innovation at the 1 I am grateful to Erich Gundlach for his valuable suggestions and support in writing this paper. I also want to thank Michael Funke and the participants at the 16 th Göttinger Workshop: Internationale Wirtschaftsbeziehungen for their comments. GIGA Working Papers technology frontier. Instead, they gradually take over new activities that they have acquired the technological knowledge to perform. For them, diversification is thus a consequence of investments in new activities, of which some prove to be fruitful and foster economic development (Acemoglu and Zilibotti 1997; Hausmann and Rodrik 2003 ).
It is surprising, then, that recent empirical studies have identified a pattern that suggests respecialization among economically advanced economies. Imbs and Wacziarg (2003) were the first to document such a pattern based on statistical measures of concentration in employment and production, which they correlated with GDP per capita. Their findings are drawn from nonparametric techniques and quadratic polynomials applied to panel data encompassing a heterogeneous group of countries over several decades. An almost identical pattern has been identified by Cadot, Carrère, and Strauss-Kahn (2011) Theil's (1972) entropy measure to identify the extensive margin as the relevant dimension where diversification and respecialization occurs. 2 Skepticism concerning the robustness of these patterns is raised in the studies of Benedictis, Gallegati, and Tamberi (2009) and Parteka (2010) . They extend the nonparametric approach by implementing country-fixed effects into their analysis and find that, depending on which measure is used, respecialization can no longer be observed. The focus of their studies, however, is the distinction of absolute diversification (as the deviation from a normal distribution) and relative diversification in comparison to other countries (Benedictis et al. 2009 ), and the co-movement of specialization patterns in exports and employment (Parteka 2010) .
Because the case of respecialization is weakened mostly for relative diversification measures, this could suggest that aggregate time-specific effects have generated Imbs and Wacziarg's and Cadot et al.'s findings. Another problem could be that GDP per capita is the only explanatory variable that is used in the studies mentioned so far. Benedictis et al. (2009) leave this question open for future work, but Parteka and Tamberi (2013) explore numerous covariates that may potentially explain the diversification levels observed across countries. This paper follows up on their suspicion that a country's size and geography are important determinants of specialization and uses Eaton and Kortum's (2002) theoretical framework to formalize export diversification at the extensive margin. The resulting gravity equation is estimated using alternative data sets and samples that cover at least 88 countries. The results suggest that cross-sectional patterns of diversification are mainly explained by GDP per capita. Size and geography im-2 The extensive margin refers to the range of goods a country produces or exports. It is distinguished from the intensive margin, where the range of products remains constant but relative output and factor allocations change. prove the predictive power of the empirical model, but leaving them out does not bias the coefficient for the income variable. The interpretation of the results using Eaton and Kortum's theoretical framework suggests that richer countries export more goods because their superior production techniques endow them with an absolute advantage in global markets.
Large countries can compensate for a lower level of fundamental productivity with lower factor costs. A great geographic distance to large markets -that is, remoteness -impedes diversification because the exporter has to compensate for high trade costs. 3 In addition to highlighting the relationship of diversification to the gravity equation of a competitive multicountry model, this paper also addresses methodological issues concerning measurement and analysis using panel data. Measurement issues are addressed in the first section of the paper, where the possibilities of alternative diversification paths are discussed using Lerner (1952) diagrams. The diagrams are especially useful for distinguishing the extensive from the intensive margin -that is, predicted patterns within and across cones of specialization. When focusing on the extensive margin, the only appropriate measure should be the counted number of goods a country sells, which, naturally, requires a sufficient level of detail in the data. The scaling of variables is also important, depending on which unit of measurement is used and how it is distributed in the data. While the gravity framework explains cross-sectional patterns well, the inclusion of country-fixed effects lets coefficients for income and geography become insignificant. The paper therefore also adopts a dynamic specification to infer the long-term relationship between GDP per capita and export diversification and to make inferences on the direction of causality. Using system GMM with alternative lag structures suggests the existence of a contemporaneous effect of GDP per capita on the number of goods a country exports. GDP per capita is revealed as weakly exogenous, and testing for reverse causality and potential feedback effects suggests that diversification levels also impact GDP per capita. Despite reassuring test statistics, these results are taken as suggestive evidence only, because the system GMM estimator can produce misleading results in the way that invalid instruments sometimes influence the usual test statistics with which their validity is inspected (Roodman 3 The role of size, distances, and remoteness for different types of trade models is discussed in Baldwin and Harrigan (2011) . by an analysis of the Lerner (1952) diagram, which depicts a two-factor model and allows for the identification of structural differences across countries with different capital-labor ratios.
An important assumption made in this paper is that the capital-labor ratio of a country is proportional to its GDP per capita. 5 That is, income differences are reflected by different relative factor endowments. The Lerner diagrams can then be used to illustrate the distinction between the intensive and the extensive margin.
Margins, Protectionism, and Innovation
The diagrams shown in Figure 1 In other words, the prediction of an inverted U-shaped diversification path is constrained to countries residing inside the same cone of diversification. Inside a cone, the model requires FPE to hold, and a constant set of products implies a diversification pattern at the intensive margin. Another implication of Panel (a) is that there is no difference in the degree of diversification at the extensive margin: at any point (inside a cone of diversification) countries produce two goods and trade one good, independent of their stage of development. The implication of such a mechanism for the general pattern described in Imbs and 
Implications
Imbs and Wacziarg address the implications of the scenario in Panel (b) in their discussion of the nonmonotone pattern they identify for production and employment: an inverted Ushaped diversification path contradicts standard theories. 7 Their rationalization is based on the existence of nontraded goods that become tradable at late stages of economic develop- This last statement is the motivation to revisit the empirical evidence, which expects that diversification at the extensive margin increases monotonically with higher GDP per capita.
The analysis in this paper concentrates on diversification in exports because the available data is more detailed than employment and production data with comparable country and time coverage. The empirical patterns and theoretical implications revealed by the analysis are assumed to carry over to production and employment. 10 Although Parteka (2010) finds that concentrations in production and employment do not necessarily move together, this must be the true for the extensive margin, where relative quantities are neglected and production requires at least a small unit of labor. 
Sampling and Scaling
The diversification literature uses alternative concentration measures such as the Gini, Herfindahl, or Theil (1972) at the extensive margin is concerned only with its range. In order to stick to this distinction, the remainder of the paper measures diversification by counting the number of HS6 products a country exports. This is the same as analyzing diversification at the extensive margin. A similar picture is shown in Figure 3 , which suggests a continuous diversification path alongside economic development. As in Figure 2 , pooled and cross-sectional data have the same functional form, independent of whether parametric or nonparametric techniques are used.
The Counting Goods Measure and Its Limits
However, the left panel (a) of Figure 3 reveals an aspect that literally points to the limits of counting goods. The highest level of diversification a country can achieve is, by definition, exporting all the 5,111 product categories included in the HS6 classification. For coun tries near 16 The grouping is based on an adjacent file to the CEPII BACI96 data set.
17 A similar level of diversification can be expected for Hong Kong, which reexports many goods from and to China (Feenstra and Hanson 2004 Note: The data is drawn from the CEPII BACI96 and represents country averages for 1998-2009. The sample identifies a total of 5,111 HS6 product categories. Numbers in brackets indicate the number of countries with a population below one million or oil exports equal to or more than 50 percent of total exports, on average. Income groups are presented as documented in the CEPII BACI96 adjacent file.
this limit (practically all the high-income countries as well as China, India, and Indonesia), it is impossible to diversify further. Their levels of diversification do not change much despite outstanding growth in the period shown. Relating these observations to GDP per capita reveals a coefficient close to zero, while fitting the whole sample suggests a strong positive relationship. Tobin (1958) suggests censoring those observations that are close to the limit. In the present context this would im- Hence, it is useful to have another way to investigate the case of respecialization.
Theory, Empirics, and a Roadmap
The previous subsections presented descriptive evidence for continuous diversification at the extensive margin. They challenged the case of respecialization and attributed its emergence to methodological aspects related to the handling of panel data, the distributions of variable values, and the detail and limits of measurement. In order to obtain an econometric model that both includes a theoretical rationale and takes into account the data characteristics described in this section, a roadmap for the analysis in Section 4 is briefly outlined here. scope of the analysis to a single export destination, this approach provides an increased level of detail and no country reaches the upper limit within the period under study. 18
Econometric Analysis
This section extends the analysis undertaken in Section 2 and presents the theoretical framework upon which the econometric analysis is based.
The framework relies on the Eaton and Kortum model to derive a gravity equation for diversification. This equation is used in the empirical analysis in the second part of this section. Alternative levels of aggregation and time periods are considered in order to check the robustness of the results. Dynamic methods are then applied to infer the direction of causality.
Export Diversification and Technology Differences
The Eaton and Kortum model features an arbitrary number of countries ni n X X , so that
resembles the denominator of the previous equation and also determines the price level in the destination market. That is, if the rest of the world has a low level of technology or high factor prices and delivery costs, the price level in country n will be high, making it easier for country i to offer the lowest price.
Substituting terms and summing over all destinations yields the total sales of country i as a function of its technology, factor costs, and a term that summarizes the interaction between (deflated) delivery costs and market size:
In empirical adaptations, the sum of partners' GDP-weighted distances is interpreted as the remoteness of a country, i R , which (inversely) indicates proximity to large markets. In other words, the more remote a country is, the farther it is from large markets and the lower its probability of being a successful exporter to any country. Dividing the last equation by an analogous expression for country k and taking logs states the log-linear gravity equation for countries' relative exports.
(1.4) ln ln ln ln
The comparative expression emphasizes that when a time dimension is added to all variables, a country can improve its technology but still export less if other countries have experienced greater technological growth. Likewise, if technology improves in all countries at an equal pace, relative exports remain unchanged. This aspect has to be borne in mind when the equation is applied to panel data. 20 An implication of the model can be quoted directly from Kortum (2002: 1748) 
Baseline Estimation
The estimation equation takes the following form:
(1.5) 2 6 1 2 3 4 6 ln ln ln ln Given the similarity of pooled and cross-sectional patterns documented in the previous section, the baseline estimates use both ordinary least squares (OLS) and the between effects (BE) estimator as a starting point. The latter is used instead of a single cross-section for an arbitrary year and takes country averages for the entire sample period. Using the BE estimator in disaggregated trade data has the advantage that it averages out unstable export spells that would otherwise be fully included in a single year. The resulting year-selection bias (which has the same attenuating effect as measurement error) can be meaningful, especially among low-and middle-income countries, which frequently engage in trade relationships that do not survive longer than one or two years (i.e., high churning rates; Besedes and Prusa 2006;  21 Eaton and Kortum note this property as a key difference from other models. With monopolistic competition, adjustments take place at the intensive margin because consumers will always generate demand for all goods.
22 Note that they are interested in the destination marketʹs characteristics and particularly in the effect of distance. As shown in the previous subsection, this variable becomes part of the exporterʹs remoteness when bilateral exports are aggregated to total exports.
23 Baldwin and Harrigan (2011) argue that large countries have a higher level of domestic competition because they must sell a great deal and are therefore often their own lowest-cost suppliers.
24 E.g. Table 2 presents the BE results in two panels. The first panel, columns (1) to (3), reports the results of the reduced model, while the second panel, columns (4) to (6), shows results for the full model as stated in (1.5). The first column of each panel uses the full range of data (except oil-exporting countries and microstates); censored samples in columns (2) and (5) use only observations up to a limit of 4,500 goods; and columns (3) and (6) As the table shows, they confirm that the pooled and cross-sectional patterns are similar.
Main results:

Different time period:
To see if the same results are obtained using an alternative sample, the estimation is also carried out using Cadot et al.'s original data. The difference between this data and the CEPII BACI96 data is that it is based on a different generation of HS6
classifications (encompassing a slightly smaller range of goods) and that it covers the years 1988 through 2006. Table 3 shows that the results are quite different. The coefficients for GDP per capita are more than twice as great, GDP per capita squared is positive and significant, and OLS produces different results than the BE whenever censoring is applied. This suggests that income differences had greater "effects" on export diversification in the years 1988-2006 Source: The table shows estimation results using data drawn from the CEPII BACI96 and CEPII Gravity dataset, and the World Development Indicators database. Standard errors in parentheses; a p < 0.1, * p < 0.05, ** p < 0.01. All variables are normalized by their annual means. Sample excludes oil exporters and microstates. Observations with exported HS6 lines equal to or greater than 4,500 have been censored in columns (2), (3), (5), and (6). Observations with exported HS6 lines equal to or greater than 4,500 have been censored in columns (2), (3), (5), and (6).
More disaggregated data:
The baseline results showed that diversification is linear to log GDP per capita when the data is censored. In the Cadot et al. data the results suggested a convexity in export diversification, which is probably an artifact of a lower trade activity in the early years of their sample and the characteristics of the classification scheme that is used to identify the extensive margin. The last robustness check makes use of a more disaggregated data set on US imports. A first version of this data set is documented in Feenstra et al. (2002) , and an updated version spanning the years 1989-2006 can be downloaded at the Center for International Data at the University of California, Davis. 26 In contrast to the data sets used here so far, the classification scheme in the US data uses 10-digit codes and distinguishes between 15,000 product categories. Inspection of the data reveals that no country ever exported the entire range of goods to the United States during this period, and that only five countries went beyond the 10,000-product threshold (Canada, China, Germany, Italy, Japan, and the United Kingdom). The distribution is also much more skewed, with only a few countries exporting a large range of products; most exhibit relatively low levels of diversification.
For the econometric analysis, the estimation equation is different in three respects: (i) the model is estimated in fully log-linear form; (ii) the remoteness of the exporter is replaced by Table 6 also confirms the absence of nonlinearities and shows that the regressions produce robust point estimates for GDP per capita around unity. NAFTA membership matters when other variables are not controlled for, but it is absorbed when the full model is estimated as shown in column (6). Size and distance show the expected signs, although distance becomes insignificant when the sample is reduced to the subsample of open economies. As was the case in the previous estimates, the BE produces a very high R-squared and the coefficients are statistically the same as those obtained with standard OLS. Altogether, the results presented in this subsection clearly reject the case of respecialization. They also reveal the high predictive power of the gravity equation for cross-sectional patterns of diversification at the extensive margin. (Breusch and Pagan 1980; Baltagi 1981) .
The next question is whether these unobserved effects are correlated with the regressors already included in the model. When this is not the case, the RE estimator delivers consistent and efficient results (Wooldridge 2002 Gould (2001) indicate the presence of country-specific time-invariant effects. The coefficient test suggests that the estimated coefficients for GDP per capita and population size were biased and that they change considerably when fixed effects are included.
A comparison of columns (2) and (4) suggests that GDP per capita and diversification correlate in the long run but not in the shorter time span of the nine-year period under study.
This is a disappointing result because it suggests that the correlation observed in the crosssection may be entirely spurious and that almost everything is explained by unobserved country-specific characteristics. However, the missing link in column (4) could also be the result of an inappropriate static specification. To find out if GDP per capita has any effect on diversification and in which direction causality goes, the remainder of this section considers dynamic panel specifications.
Dynamic panel estimation:
A mutually dynamic relationship between GDP per capita and the level of diversification at the extensive margin would imply that causality goes in both directions. This can be rationalized with theory: as the literature mentioned at the beginning of this paper suggests (e.g. Acemoglu and Zilibotti 1997), undertaking investments into new fields of activity is associated with uncertainty about future outcomes and potentially also with sunk costs that cannot be recovered in the event of failure. Capital indivisibilities require a minimum stock of capital in order to make such investments possible at all, which means that larger countries with a higher income per capita have more opportunities to start risky projects. If these projects prove to be fruitful, revenues grow quickly as further investments follow and the newly discovered sector increases in size (see, e.g., Hausmann and Rodrik 2003; Eaton et al. 2007; Easterly et al. 2009 ). In this case diversification has a positive feedback effect on GDP per capita.
To identify an appropriate dynamic specification, the following process is considered: estimators that handle fixed effects and endogeneity of the regressors while avoiding dynamic panel bias, which is especially meaningful in panels with a large number of individuals (large N ) and a relatively small number of time periods (small T ). The persistence of the variables used in the present context makes the system GMM estimator most suitable. It uses lagged differences to instrument current levels rather than using lagged levels to instrument current differences (as in the first applications of this estimator -i.e., difference GMM, HoltzEakin, Newey and Rosen 1988; Arellano and Bond 1991) . Table 8 presents the results from the system GMM estimator with one lagged dependent variable and alternative assumptions about the degree of exogeneity of GDP per capita. The
Windmeijer correction is applied to account for potentially downward-biased two-step standard errors. These often result from imprecise estimates of the optimal weighting matrix in two-step GMM applications, especially when the sample is small (Roodman, 2009) . Columns (1) to (3) suggest that GDP per capita has a significant dynamic impact on the level of diversification, but this impact is estimated to be slower moving when the exogeneity assumption is relaxed. At the same time, the coefficient for the lagged dependent variable increases, which could indicate reverse causality and feedback effects. In column (1) the pvalue of the Hansen J-Statistic merely rejects the null of valid instruments at the 10 percent level. Relaxing the exogeneity assumption for GDP per capita pushes the p-value up to levels around 0.36, which suggests that the instruments are valid.
The estimated parameter for GDP per capita can be interpreted as the short-run, dynamic effect of income on diversification. The long-run effect is computed by dividing the estimated coefficient for GDP per capita by one minus the coefficient of the lagged dependent variable.
This results in 0.0453 / (1-0.885) = 0.394 in column (2) and 0.0289 / (1-0.901) = 0.292 in column (3). Using the result of the BE in Table 7 , which has roughly the same coefficient, as a point of reference lends support to the assumption that GDP per capita is at least predetermined.
Despite this consistency, one reason to remain critical regarding this result is that the number of instruments is extremely large. Instrument proliferation can significantly weaken both the Hansen and the difference-in-Hansen tests. Keeping the instrument count below the number of individuals, j N  , is an insufficient precaution (Roodman 2009 ). Columns (4) through (6) reduce the instrument count by collapsing the instrument matrix and reducing lags. In column (4), where full lag length is exploited, the Hansen test rejects the joint validity of the instruments, and the difference-in-Hansen test rejects the validity of the GMM instruments. In column (5) this misspecification is attacked by instrumenting GDP per capita only in the levels equation, while column (6) extends this approach by reducing the lag depth of the instruments to one. The last two steps reduce the instrument count to 6, which mitigates concerns regarding instrument proliferation. Altogether, these results can be interpreted as evidence that GDP per capita does have an effect on export diversification. This effect seems to be larger than that obtained from a crosssectional regression using the BE estimator, something which could be the result of feedback effects of diversification on GDP per capita. To investigate this further, a dynamic model with GDP per capita as the dependent variable is estimated. The results shown in Table 9 consider alternative specifications with lag depth restricted to one period and collapsed instruments. The first column wrongly assumes that the number of exported goods is exogenous, which obviously delivers biased coefficients for both variables. Also, the p -values of the Hansen test and the test against second-order autocorrelation indicate misspecification. be found by including lagged diversification, as shown in column (3). Column (4) suggests that deeper lags of diversification do not add any explanatory content to the model, and column (5) shows that lagged diversification alone generates second-order serial correlation.
The table supports the case for reverse causality, and it also suggests that benefits from diversification materialize with only a short delay, almost contemporaneously.
Conclusion
Making predictions about the correlation between the level of diversification and GDP per capita across countries requires the researcher to take into account the margin at which diversification is considered. At the extensive margin, the range of goods or activities varies across countries leads to predictions of continuous diversification in line with standard theo ries of economic growth and development. This paper has presented empirical evidence rejecting recently documented patterns of respecialization (Imbs and Wacziarg 2003; Cadot et al. 2011) and confirming continuity. It has also analyzed and illustrated the reasons why respecialization might have been identified in the studies in question. Specification tests and dynamic panel estimations using system GMM suggest that GDP per capita has a direct positive impact on the level of diversification. There are also signs of reverse causation and feedback effects. The dynamic results are robust in terms of statistically significant parameters, but the analysis here has also shown that the validity of the internally generated instruments can be questioned in some cases. The appropriateness of using system GMM in this context, as well as the appropriateness of quantifications of the mutual dynamics between levels of diversification and GDP per capita, are promising topics for further investigation.
